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DISSERTATION ABSTRACT

Michael James Shavlik

Doctor of Philosophy in Biology

Title: Investigating Protein Evolution Through Sequence Space Using a Biophysical Lens

How do the underlying biophysical properties of proteins dictate the “rules” that govern
molecular evolution? Understanding the principles and mechanisms that determine which
evolutionary trajectories proteins take is crucial to protecting humans against viral protein
evolution and developing therapeutic, custom, drugs through protein engineering. Although
many approaches have been developed to investigate the process of protein evolution, a deep
understanding of the relationship between sequence space and protein biophysics can alleviate
key deficiencies in our knowledge. What is the underlying distribution of functional proteins in
sequence? Do specific biophysical properties dictate the interconnectedness of these functional
proteins? How does the protein energy landscape change across evolutionary time and how can
that inform our understanding of evolution? This dissertation will explore two methods of
answering these questions: 1) High-throughput mutagenesis and phenotype characterization to
explore sequence space using fluorescent proteins and 2) Ancestral Sequence Reconstruction

linked to a biophysical lens using protein energy landscapes.

This dissertation includes previously published material.
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CHAPTER I

INTRODUCTION

Mutations alter the functions of proteins

Proteins are biological macromolecules that are responsible for performing an
innumerable array of specific and diverse functions across all taxa of life. Prokaryotes,
Eukaryotes, and Archaea alike all use the powerful functional diversity of proteins to sustain
important physiological processes'™. Fortifying cellular structure’'?, processing molecules of
energy'!, and breaking down harmful toxins'? are just a few critical roles that proteins fill in

upholding organismal homeostasis.

While proteins are crucial for maintaining these key life processes, they can often be
surprisingly mutable in both structure and function'*>"!’. Stretches of DNA that encode proteins
are subject to spontaneous mutations through many means, such as replication errors, gene
duplications, and transposable element translocations'®2°. These mutations, which are introduced
on the DNA level, can have several potential effects on the downstream translated protein. These
effects can range from having nearly no noticeable effect on a protein’s structure or function®!, to
complete disruption of 3-dimensional structure and ablation of function??, and everything in
between. While the relative probability of a neutral mutation to a deleterious one depends heavily

on several factors, such as mutation location, mutation type (e.g. substitution vs frame-shift), and
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the function of the protein, most mutations are ultimately expected to be have a disruptive and

negative impact on protein structure and function?.

Mutations can also either improve an existing function or completely change the function
of a protein**?. In some cases, a single amino acid mutation can be responsible for changing
protein function®, while in other scenarios, multiple, small-effect mutations may sequentially
lead to a new function of the protein®’. This process — proteins acquiring mutations over time that

may lead to functional changes — is the process of protein evolution.

It is important to study the process of protein evolution

There are many angles that have been taken to study this protein evolution, ranging from
theoretical studies investigating the nature of the evolutionary process itself, all the way to
explicitly practical methods of exploiting protein evolution in the lab to engineer better proteins

or improve human health.

Protein engineering is a field that seeks to produce novel proteins or modify existing
proteins to improve methods in the biotechnology field. This process of engineering better
proteins takes advantage of knowledge of how certain mutations will affect protein structure and
function, which often relies on predictive models based on previous evolutionary information®®,
Thus, a better understanding of mutational effects through evolutionary studies can improve our
design of better proteins for biotechnology applications such as the generation of more efficient

plastic degrading enzymes?’.

A thorough understanding of the evolutionary process itself will also lead to great human
health benefits. For example, the evolution of viruses each flu season creates a public health
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predicament where vaccine development depends heavily on our ability to predict what influenza
strains will be most likely to appear’. This prediction relies on evolutionary models to
statistically infer likely candidate strains on a given season based on previous data. According to
the CDC, yearly influenza vaccines have been shown to be no greater than 60% effective®!:¥.
Proper defense against viral evolution thus requires more refined predictive models of evolution,
which foundationally requires a deeper understanding of the evolutionary process itself. Thus, a
better theoretical understanding of the ‘how’ and ‘why’ proteins evolve is essential to important

applications for human health and developing crucial tools in biotechnology.

Sequence space

“Sequence space” is a particularly useful framework with which to gain a better grasp of
how and why proteins evolve. Protein sequence space can be defined simply as the entire set of
amino acid sequences that are hypothetically possible for a given protein. In this space, a single
“step” in space from one sequence to another corresponds to one amino acid change. As proteins
evolve through acquiring mutations, they navigate their sequence space, moving from one
possible sequence to another. Each amino acid has a set of 19 other possibilities at a given
position in the primary sequence of the protein. Unsurprisingly, the entirety of protein sequence
space is intractably large (e.g. a 5 amino acid long protein has a sequence space of 20° =
3,200,000 possible sequence variants). Considering that the average Eukaryotic protein is ~472
amino acids in length, exhaustively characterizing this entire space is an impossible task for the
foreseeable future. Although the number of hypothetical sequences is massive, the number of
functional sequences is extremely small in comparison®?, and the further number of sequences

that are likely to be sampled by evolution is even smaller, given that mutations tend to be very
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rare events. Thus, although sequence space is hypothetically huge, the amount of space relevant
to natural protein evolution is quite tractable for experimental and computational studies

investigating principles guiding the evolutionary process on the molecular scale.

One useful insight that these studies of protein sequence space gain is the contribution of
underlying biophysical features that dictate which paths of evolution are possible and why. As
proteins acquire mutations and move through sequence space, they must maintain a delicate
balance of thermodynamic stability, proper folding rates, and functionality, which mutations tend
to disrupt in some way>*>¢. Across all of these, biochemical properties such as electrostatic
interactions, hydrophobic residue composition, and charge networks, which can all impact
stability, kinetics, and function, provide useful information as to why a protein would evolve in
one way and not another®”*¥. Investigating biophysical properties that underlie protein sequence
space is key to understanding the functional layout of protein sequence space (what regions are
available for evolution to access or not) and what features dictate that layout. Thus, investigating
protein evolution through the lenses of sequence space and biophysics together can provide
unprecedented insight into the evolutionary process and reveal why proteins evolve the way that

they do.

Outstanding questions in the field of protein evolution and sequence space

How do we study protein sequence space? One way we can accomplish this is by
uncovering the interconnectivity and organization of non-functional and functional regions of
sequence space. We can use the historical evolutionary trajectory of a protein that naturally

evolved a new function to study the organization of functional sequence space. Analyzing the
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space around the historical trajectory is advantageous because this is a small, relevant region of
sequence space that could reveal potential alternative evolutionary paths. If we can determine the
likely original path that evolution took for a given protein, we can then ask how many alternative
paths may have existed in nearby sequence space as that protein evolved. Was the historical
trajectory through sequence space the only available path to the new function? Or were there
many “might-have-been” paths that could have occurred? Intertwined with this idea, what kinds
of biophysical principles allowed the historical trajectory to happen and arrive at this new
function, and do those same principles open up or close off alternative paths through sequence

space?

Across sequence space, we can also consider how the energy landscape of a protein
changes. The energy landscape is a way to envision how stable or unstable the ensemble of
structures is for a given protein. Proteins occupy a set of possible structures as they go from
unfolded states to folded states, and some of these folded states are more stable energetically
than others®. As a protein evolves, one folded state of the protein may change to become more
or less likely to be populated than another because mutations can stabilize or destabilize certain
structures*’. There are many interesting questions about the relationship between the underlying
protein energy landscape and the historical trajectory a protein took along its evolutionary
transition. How does the energy landscape shape historical trajectories through protein
evolution? Does that energy landscape change dramatically over time, or are the changes more
subtle? Does the energy landscape also dictate what kinds of paths through evolution are
accessible or inaccessible? Considering proteins as ensembles of structures and their underlying
free energies can help us achieve a more comprehensive view of protein evolution beyond static,

singular structures, which could in turn help us better understand the effects of subtle mutations.
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Additionally, we can explore how biophysics might drive certain evolutionary
characteristics for proteins. For example, some proteins may have high mutational robustness, or
high mutational tolerance, while others may have low robustness. This mutational robustness
increases the likelihood that a mutational step in sequence space will yield a functional protein
and potentially allow for development of a new function. What biophysical features of a protein
drive mutational robustness, and can that robustness change over evolutionary time as the
biophysics change for the protein (e.g. stability, kinetics, etc.)? Evolvability is another
characteristic of evolution that may be driven by underlying biophysics. Evolvability of a protein
refers to the accessibility and pervasiveness of new functions in a protein’s immediate sequence
space. If a protein has relatively high evolvability, mutations have a higher likelihood of
generating a protein variant with a new function. Are evolvability and robustness intrinsically
linked properties? Are they conflicting properties, where a protein cannot be both robust and
evolvable at the same time, or are they complementing properties? Do the biophysics that
underlie high mutational robustness also underlie high evolvability? Finding the answers to these
questions can help us not only understand the “why” of protein evolution, but also aid in efforts

to engineer mutationally robust proteins for medical applications and other contexts.

One interesting and less explored avenue with robustness and evolvability and their
underlying biophysics in evolution relates to how these properties might change across a single
historical trajectory. As a protein acquires mutations over time, does its mutational robustness
and evolvability significantly change, or are they somewhat constant features across evolution?
If they do change over evolutionary time, is a single mutation sufficient for altering these
features, or does it take many mutations to disrupt or improve them? Understanding the answers

to these questions can provide valuable insight into tracking and preventing rapidly evolving
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proteins such as viral proteins that could yield quick changes to the pathogen’s virulence and
severity. Models for predicting viral protein evolution on such a rapid scale might benefit from

information on mutational effects on immediate robustness and evolvability changes.

Existing approaches to studying protein evolution through sequence space

While these are all outstanding questions in the field, several promising methods to
address them have been developed both experimentally and computationally. One of the most
widely used is Deep Mutational Scanning (DMS). In deep mutational scanning, every single
point mutant is generated experimentally or computationally around a wild type protein sequence
of interest. While this has been previously limited to small peptide regions of only a few amino

acids due to experimental limitations*!**?

, newer approaches to DMS have recently been
innovated to expand the tractable sequence length to entire proteins****. Through this method,
one gets detailed information about all protein variants within one mutational step in sequence
space for a protein. This method, while useful for immediate information in sequence space, has
several drawbacks. The main one being that any information of double mutants or beyond is
totally lost and doesn’t provide any insight further into sequence space. Studies have shown that
epistasis, or non-additive effects of multiple mutations in a protein, is pervasive and makes
evolution unpredictable. Because of this, results from a deep mutational scanning experiment

cannot be extrapolated reliably beyond single mutations, which is often a goal in evolutionary

biology and the characterization of sequence space.

On the computational side, as the field of machine learning has become popular for

diverse applications in the world, so to has it been used in protein sequence space exploration.
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While there are too many algorithms to cover succinctly, one promising class of machine
learning methods is generative modeling. Generative models are intricate models that take a data
set of observed and characterized inputs and learns patterns to generate an unobserved variant
with a predicted value or trait*>*®. These models have been applied to protein sequence space —
learning small datasets of previously characterized protein variants with a given phenotype value
and then attempting to predict phenotypes of unseen sequences elsewhere in sequence space.
While some models, such as Variational AutoEncoders (VAE) have seen some success in the
field*”*, epistasis is still a large limitation. Experimental validation of some of these sequences
that are subject to higher-order (3+ mutations) epistasis have shown that the predicted
phenotypes and observed phenotypes often do not match*’. Thus, predicting phenotypes for
sequences far away in protein sequence space solely through computational means is not yet
refined enough to be a reliable measure for answering all of these aforementioned questions,

despite some promising progress.

Another experimental technique that can explore volumes of sequence space beyond a
single mutational step is the coupling of random mutagenesis with high-throughput phenotype
characterization. In this approach, one sparsely samples the volume of sequence space around a
genotype of interest using a random mutagenesis technique such as error-prone PCR. While
complete coverage of genotypes is not possible in this volume, it is possible to sample enough
genotypes to acquire a general idea of the distribution of phenotypes in the space. An advantage
of this method is that mutant generation is simple, quick, and can yield large and unbiased
libraries of mutant proteins. This technique is especially effective when linked to high-
throughput characterization techniques of phenotypes, such as fluorescent protein signal via flow

cytometry*’. Additionally, this type of approach could be applied to multiple genotypes along a
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historical evolutionary trajectory to identify changes in things like mutational robustness and
evolvability over time. Identifying these changes then opens avenues for biophysical testing of
interesting protein intermediates along the trajectory, thus linking evolution and biophysics in a

compelling way.

Another useful approach is Ancestral Sequence Reconstruction (ASR). ASR is a
statistical technique that uses a dataset of evolutionarily related sequences of an extant protein of
interest to backtrack in evolutionary time and infer an ancestral sequence®. This technique is
especially helpful in recreating the likely historical trajectory of evolution for a given protein
because statistical models can then be used to infer evolutionary intermediates between the
ancient and extant proteins. From there, experimental characterization can be conducted in lab to
identify the biophysical characteristics that changed across time for the protein. The importance
of energy landscapes and their relationship to driving protein evolution can be investigated
through ASR. Taking a biophysical perspective through energy landscapes when resurrecting
ancient proteins and inferring their historical evolutionary path can help reveal useful links
between biophysical and biochemical properties that may have dictated a protein’s trajectory.
The energy landscape is particularly interesting because it allows us to consider the entire
ensemble of states that exist for a protein and how that dynamic interchange of possible

structures plays into evolution.

Altogether, protein evolution is an extremely important process for adaptation that creates
novelty in molecular form and function, which can be used to progress human health interests. A
solid understanding of these principles guiding the process of evolution is crucial to effective
medical applications, which can potentially be accomplished through a deeper exploration of

protein sequence space and the biophysical properties underlying that space. While several

18



promising techniques have been developed to accomplish this exploration, this dissertation will
focus on highlighting two approaches that show particular promise in their application: coupling
random mutagenesis with high-throughput characterization of volumes of sequence space, and

using Ancestral Sequence Reconstruction through the lens of energy landscapes.

Sampling small volumes of sequence space for a naturally evolved GFP-like protein

While other studies have used random mutagenesis couple with experimental
characterization of mutant phenotypes in sequence space®’, there hasn’t been much work done to
implement this technique across an evolutionary trajectory of a naturally evolved protein. It is
important to characterize small volumes of sequence space, or “local neighborhoods”, across a
real evolutionary trajectory because it can provide a dynamic view of how different protein
features such as mutational robustness can change through a natural evolutionary path. To
investigate local protein neighborhoods across evolution, we used a naturally evolved GFP-like
protein that evolved from an ancestral green color to a photoconvertible green-red color. This
protein was isolated from the great star coral Montastraea cavernosa, and its likely evolutionary
trajectory was previously characterized by the Matz group®'. This trajectory was inferred to
likely have taken a minimal 12 mutations to reach the derived green-red photoconvertible
phenotype, providing a wealth of intermediates around which to generate local neighborhoods in
our study”!2. Additionally, mutations in this space show interesting epistatic effects. For
example, a Q to H mutation at position 62 in the protein was required to develop the
photoconvertible phenotype, but is insufficient on its own for conferring the phenotype when

introduced into the ancestral background®"->3.
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Linking both random mutagenesis and flow cytometry for fluorescence characterization
of those mutants, we generated the local neighborhoods of both the ancestral and derived states
of our GFP-like protein, as well as several point mutants that will be expanded upon in chapter 2.
We found that local neighborhoods change dramatically across the evolutionary trajectory of this
protein in both mutational robustness and evolvability. The ancestral GFP like protein was very
robust to mutations, but didn’t show any color diversity in its local neighborhood, while the
evolved protein was much more susceptible to losing color through mutations but showed more
color diversity in reds, oranges, and yellows. Additionally, we also found that a single point
mutation can significantly change the mutational robustness and accessibility of a local
neighborhood along the trajectory. These two results highlight the importance of characterizing
volumes of sequence space across a trajectory as there can be huge shifts in sequence
accessibility after a single mutation in space, which could be important considerations in

predictive models of evolution.

Unexpectedly, we found that global protein stability was not the sole biophysical
determinant of mutational robustness in the generated local neighborhoods. This result
underscores the complex nature of protein evolution and suggests that there are likely other
biophysical features of the proteins that may change across the trajectory and regulate mutational
robustness. We have started to find preliminary evidence that local stability may be a better
determinant of robustness changes across the evolutionary trajectory and could be an important
feature when considering future evolutionary models and points of interest for protein

engineering studies.
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Considering the power of ASR through the lens of protein energy landscapes

Proteins are complex molecules. Contrary to the introductory biology teaching of proteins
existing as a singular and static folded structure, proteins exist as an ensemble of structures, often
fluctuating back and forth between conformations in this ensemble**>*¢, The likelihood that a
protein is in a given conformation at a particular timepoint is dependent on the associated free
energy of that conformation. Thus, the unfolded conformation of a protein, as well as every
folded conformation has some free energy associated with it, indicating the favorability
(stability) of that conformation. This concept, a protein’s ensemble of conformations and their
associated free energies, is often referred to as a protein’s energy landscape. Understanding a
protein’s energy landscape can be crucial to understanding the development and complexity of

protein structure and function.

Historically, evolutionary studies focus on the evolution and development of the most
stable protein conformation. This is the most straightforward way to study protein evolution, as it
eliminates the consideration of dynamic conformational switches in evolution and can distill
mutational effects on a singular structure and its function. Investigating and considering the
entire ensemble of conformations for a protein and how the free energy landscape changes is
important, however, as significant shifts in this energy landscape could lead to a complete shift in
the favored stable conformation, which could lead to functional changes as well. These changes
in function are indirectly linked to the mutations acquired through evolution, as it is these
mutations that shifted which conformation was now the most stable and favored state, thus
impacting the associated function. Tracing the evolution of the ensemble and the free energy
landscape is a difficult task, as there are many “moving parts” to characterize across each

intermediate evolutionary step.
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One method that we propose can help alleviate some of this difficulty in studying the
evolution of free energy landscapes and ensembles is Ancestral Sequence Reconstruction. ASR,
as mentioned earlier, is a technique that can infer and resurrect an ancient protein, and can even
be used to then estimate the evolutionary intermediates between the ancient and evolved states.
When coupled with biophysical characterization of these intermediate proteins, we believe that
ASR can be a powerful tool in disentangling the evolution of conformational ensembles and the
energy landscape. In chapter 3, we will review existing literature that highlights the versatility of
ASR and propose future possibilities to integrate the technique with biophysical characterization

and reveal the evolution of the free energy landscape.

In summary, this dissertation will focus on two approaches to investigating protein
evolution through sequence space: generating local neighborhoods across an evolutionary
trajectory and using ASR to gain insight on changes to the energy landscape over time. These
two approaches will pay specific attention to the interplay of biophysics and evolution and
explore the importance of experimental characterization through biophysical approaches in
evolution studies. We will start with GFP-like protein neighborhood characterization in chapter

2, followed by reviewing ASR through a lens of energy landscapes in chapter 3.

22



Bridge to chapter I1

In chapter I, I introduced the key concepts of protein evolution, sequence space,
biophysics, and their connections to one another. To understand the process of protein evolution,
we need to gain a deeper understanding of how proteins navigate their sequence space and
characterize the change in biophysical traits across that sequence space. There are many
approaches that have been recently explored for gaining that deeper understanding of protein
evolution, including computational methods using machine learning and experimental methods
using deep mutational scanning. In chapter II, I present an in depth study using another
experimental method outlined in chapter I. Coupling high-throughput mutagenesis with
fluorescence and biophysical characterization of a naturally evolved fluorescent protein, chapter
II will introduce this experimental framework, the results of applying this framework, and

provide considerations for future work in this area.
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CHAPTER II

SINGLE SUBSTITUTIONS ALTER THE ACCESSIBILITY OF COLOR

IN THE LOCAL SEQUENCE SPACES OF EVOLVING GFP-LIKE PROTEINS

Author Contributions

Michael Shavlik and Michael Harms conceptualized the study and designed experiments.
Michael Harms acquired funding for the study. Michael Shavlik, Mark Petersen, Brennan
Fitzgerald, Amelia Kotamarti, and Lauren Chisholm conducted the experiments and data
analysis. Michael Harms administered the project. Susan Marquesee oversaw the experiments by
Mark Petersen. Michael Shavlik constructed the figures. Michael Shavlik and Michael Harms

wrote the manuscript.

Abstract

As an evolving protein traverses sequence space, the “neighborhood” of accessible protein
functions changes, thus shaping the evolutionary potential of the protein. Understanding how
mutations alter the accessibility of new functions is important, both for understanding natural
evolution and for engineering new protein function. To better understand how the functional
neighborhoods of proteins change as they evolve, we studied the evolution of GFP-like proteins
from the coral Montastrea cavernosa. Previous work showed the ancestral protein was green, but
then acquired a photoconvertible green-red phenotype through substitutions scattered throughout

the protein structure®!. We combined random mutagenesis, flow cytometry, and high-throughput
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sequencing to measure the frequency of different colors—green, orange, and red—up to six
mutations away from a central genotype. We found that the neighborhood of the constitutively
green ancestor contains substantially more functional proteins than that of a photoconvertible
derived protein. Despite being less mutationally robust, the neighborhood surrounding the
evolved protein showed greater phenotypic diversity than the ancestral protein. We also found we
could dramatically alter neighborhood robustness by introducing individual historical
substitutions, revealing that a single mutation can significantly change the local neighborhood of
phenotypes accessible to an evolving protein. Preliminary biophysical characterization through
HDX-MS suggests that the relative stability of local structural features near the chromophore,
not the overall stability of the protein, modulates the landscape of these evolutionary
neighborhoods. However, these results are preliminary and require further testing to be further
supported. Subtle, local changes to protein structure can thus potentially profoundly alter

evolutionary outcomes.

INTRODUCTION

Proteins evolve new functions through the accumulation of mutations. Their ability to
successfully acquire mutations depends on the accessibility of functional genotypes nearby in
sequence space >’ %, Knowledge of the functional organization of relevant regions of sequence
space, as well as the mechanisms that give rise to those properties, is critical to understanding the
evolutionary process.

While there is no shortage of studies on functional characterization of protein sequence

61-72

space , little work has been done to identify how the functional distribution of protein

sequence space changes across evolutionary time for naturally evolved proteins’>. Characterizing

25



small volumes of local sequence space (‘“neighborhoods”) along a naturally evolved protein’s
evolutionary trajectory can reveal insights to how the accessibility of functions changed over
time. Additionally, these types of observations could inform future predictive models for
molecular evolution and have implications for protein engineering work to develop more robust
protein structures 7.

Further, by drilling into the mechanisms that caused these changes, we can begin to
generalize our results from a single protein to broader classes of proteins. Previous studies have
shown that robustness can be controlled by global stability” and dynamics can improve
evolvability 37682, Specifically investigating the interplay of these mechanistic relationships
with natural evolution can reveal the biophysical features that underpin the accessibility of
protein sequence space and thus the potential to develop new functional properties.

Fluorescent proteins are exceptional model proteins to use in mutational studies exploring
sequence space. It is easy to detect changes or disruptions to the native color phenotype 6838
Additionally, since fluorescent proteins autocatalytically synthesize their chromophore functional
group to achieve efficient fluorescence, we can potentially apply useful insights from the
evolution of fluorescent proteins to understand the evolution of enzymes more generally *°.

In this study, we use a naturally evolved red photoconvertible fluorescent protein from
the great star coral Montastraea cavernosa. The structure of this protein is consistent with most
fluorescent proteins observed in nature, consisting of an 11-strand beta barrel enclosing a
tripeptide chromophore essential in determining the color of fluorescence °'. The protein forms
its chromophore from three amino acids (H-Y-G). When expressed, this protein is green; upon
exposure to UV light, it becomes red. The Matz group previously characterized the evolution of

photoconversion using ancestral sequence reconstruction (ASR). They found that the modern
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protein evolved from a constitutively green ancestral protein °'. This evolutionary transition
involved 37 substitutions, 12 of which are sufficient to recapitulate the evolution of
photoconversion.

The historical substitutions exhibit intense epistasis. The most notable example is Q62H.
This mutation converts the chromophore sequence from Q-Y-G to H-Y-G. The H-Y-G
chromophore sequence is characteristic to all photoconvertible green-red fluorescent proteins
7692 When introduced alone, Q62H does not make the protein photoconvertible. Additional
substitutions scattered throughout the protein structure, however, allow the Q62H substitution to
confer photoconversion. Thus, in this transition, an appropriate genetic background is required
for a few key functional substitutions to unlock green-to-red photoconversion.

This evolutionary transition allows us to pose several questions: How does protein
mutational robustness and evolvability change over time? How does a single amino acid
substitution alter the composition of the local sequence space, and how does the genetic
background change that substitution’s effects? What protein features determine the distribution
of functional sequence space along an evolutionary trajectory?

To address these questions, we combined random mutagenesis and flow cytometry to
characterize the local sequence space neighborhoods for the ancestral protein (ancGFP), the
evolved photoconvertible protein with 15 substitutions from the historical trajectory (anc15), as
well as several point mutants in both genetic backgrounds and evolutionarily unrelated
fluorescent proteins. For each of these proteins, we assessed both the mutational robustness and
phenotypic evolvability indicated by their local sequence space neighborhoods. We found that
local neighborhoods in GFP-like protein sequence space change dramatically in their mutational

robustness over evolutionary time, with evolved anc15 being much less robust than ancestral
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ancGFP. Additionally, we found that a single amino acid substitution can significantly change the
phenotypic diversity and mutational robustness of local neighborhoods. While global protein
stability did not seem to directly control the neighborhood robustness of these proteins, we
identified several features that may contribute to the composition of these neighborhoods.
Kinetics of the photoconversion mechanism may present an evolutionary tradeoff between
robustness and function in this protein’s history, and preliminary data that has yet to fully be
analyzed suggests stability of a few key local structures may tune mutational robustness. These
results underscore the importance of studying small volumes of sequence space over real

evolutionary time to bolster our understanding of how proteins navigate the evolutionary

process.
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Fig 2.1. Characterization of ancGFP and anc15. A-B) Protein structure of ancGFP (A, PDB:
4DXI ) and anc15 (B, PDB: 4DXN °!) with a close-up of the chromophore structure. C-D)
Emission spectra of cells expressing ancGFP (C) and anc15 (D), excited at 380 nm. The anc15
plot shows spectra measured at S-minute intervals upon exposure to 385-395 nm UV light. Green
and pink arrows indicate peak intensity changes. E) Evolutionary tree used for original ancestral
sequence reconstruction. Modern protein sequences were sampled from Faviina corals. The gray
outline traces the evolutionary path between ancGFP (green circle) and its extant
photoconvertible protein (green/pink circle). F) Number of substitutions between ancGFP, anc15,
and the extant photoconvertible protein. G) Cartoon representation of a hypothetical local
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evolutionary neighborhood around a fluorescent protein. Nodes indicate genotypes. Text
indicates single mutations (e.g., “A”, “F”, etc.) and double mutations (e.g. “AB”, “FO”, etc.)
Edges connect genotypes that differ by a single mutation. Node colors correspond to
fluorescence color, with gray representing no detectable fluorescence.

RESULTS

AncGFP and Anc15 neighborhoods show different mutational robustness

We first estimated the local color neighborhood of ancestral GFP (ancGFP). This protein
has been characterized previously, both functionally ** and structurally ***. AncGFP exhibits
bright green fluorescence (Fig 1C). To estimate the color neighborhood, we characterized the
fluorescence of bacteria transformed with nine random mutagenesis libraries. The pipeline is
shown schematically in Fig 2. First, we generated libraries with nine different mutation rates. We
then used high-throughput sequencing to estimate the frequency of each mutant class (no
mutations, one mutation, two mutation, etc.) in each library (Fig 2A-C). We transformed bacteria
with the libraries, aiming for ~10,000 genotypes per library. We then used flow cytometry to
measure the emission color of 100,000 individual bacteria per library (900,000 total
observations) (Fig 2D, 2E). To measure the number of non-fluorescent library members, we
expressed the ancGFP mutants as a fusion construct with a protein that fluoresces in the infrared
(miRFP703) **. We classified proteins emitting in the infrared but not visible wavelengths as
non-fluorescent. Finally, we inferred the distribution of colors in the local neighborhood by
combining the measured frequencies of the mutant classes and colors in each library (Fig 2F).
We used a linear mixture model to infer this distribution of colors in the neighborhood using
these frequencies of mutant classes and observed colors via cytometry. The model returns the
expected proportion of proteins with a certain color given the number of mutations, ranging from

0 to 6+. (See methods for details).
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Fig 2.2. Characterizing a protein’s local neighborhood. For simplicity, we illustrate this
process using three libraries; in our experiments we used nine libraries with different mutation
rates. A) We expressed ancGFP (green) as a fusion construct with miRFP703 (maroon). We
generated ancGFP libraries with increasing mutation rates (indicated by “x” icons), leaving
miRFP703 untouched. The color of each mutant is indicated, with gray representing non-
fluorescent proteins. B) We measured the mutation rate of each library using high-throughput
sequencing. Darker blue lines indicate higher average mutation rate. C) Table of mutant class
frequencies determined by the sequencing calibration for each library shown in panel B. D) We
transformed each library into E.coli and measured its color using flow cytometry. Color grid
represents 1600 different red/green intensity bins in which a mutant protein could be categorized.
E) Cytometry color frequencies seen in each library (out of 100,000 observations/library). Note:
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for simplicity we show three colors; in our analysis we used all 1,600 color bins above. F) W
used a linear mixture model to infer the local neighborhood color (left) and brightness (right)
distributions from the mutation frequencies and cytometry counts from panels C and E. Gray
represents non-functional proteins. Each ring (left) indicates protein phenotypes with N number
of mutations.

We found that the neighborhood of ancGFP was robust and uniform. Even after
accumulating >6 mutations, 84% of the variants exhibited green fluorescence (outermost ring,
Fig 3A). Further, the average brightness of clones is unchanged, even out to 6 mutations (Fig
3B). Because we measured the colors of ~10,000 clones per library, a phenotype would only
appear in this analysis if it occurred at a frequency greater than 1/10,000 (see methods for
details). We can therefore say that at the farthest region of the neighborhood characterized (> 6
mutations), 84% of the genotypes were green, 16% were non-functional, and <0.1% were any
other color. This reveals that the ancestral protein could access many sequences, but these
contained minimal color variation. This lack of color diversity is in line with previous studies,
which demonstrated that multiple historical mutations were necessary in this trajectory to induce

any notable color changes from this ancestor >332,
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Fig 2.3. Local neighborhoods of ancGFP and anc15. A) Neighborhood of ancGFP. Rings
indicate the fraction of proteins with N mutations (from 0 to >6) that have the indicated color.
Gray regions indicate proteins that had no detectable fluorescence. B) Brightness distribution of
proteins with N mutations shown as a violin plot. Proteins are normalized to the brightest 5% of
the neighborhood. Mean brightness for proteins with each number of mutations is indicated by
the black line and white points. Blue lines indicate the bounds for the middle 95% of the
brightness values observed for each mutation number. Thicker regions of the violin indicate
higher density of proteins at that relative brightness. The black bars inside of each violin show
the interquartile range of the distribution. Thinner gray bars within each violin stretch to the
minimum and maximum values that are not outliers. This analysis only includes proteins that
fluoresce above background (i.e., non-gray proteins from panel A). C) Neighborhood of anc15
after 30 minutes of UV exposure for photoconversion. D. Brightness distributions for anc15 with
means and 95% bounds indicated the same as ancGFP.
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We next asked how the local neighborhood changed as the protein evolved. We
introduced 15 historical substitutions into ancGFP (Fig 1F). This “anc15” ancestor is similar to
the so-called Least-Evolved Ancestor (LEA) previously characterized >'°2. The LEA protein
consists of ancGFP with twelve historical substitutions; it is functionally indistinguishable from a
modern photoconvertible red protein. Anc15 contains the 12 substitutions used for the LEA
protein, with an additional three historical substitutions (E26V, D74H, and V214E). These
substitutions occurred between ancGFP and the modern M. cavernosa photoconvertible
protein’!*2. (These specific substitutions were added to the LEA for a different project in the lab.
They do not significantly change the phenotype from the LEA with 12 historical substitutions).
Like the LEA, ancl5 is photoconvertible and much dimmer than ancGFP: it behaves
indistinguishably from a modern photoconvertible red protein (Fig 1C, 1D).

We characterized the sequence neighborhood of anc15 and compared it to that of ancGFP.
We found that anc15 was much less robust than ancGFP (Fig 3C, 3D). Only 36% of the variants
with >6 mutations exhibited detectable fluorescence. In addition, the proteins that were
fluorescent were, on average, much dimmer across the anc15 neighborhood compared to ancGFP
(Fig 3B vs. 3D). Additionally, the anc15 neighborhood had a higher diversity of colors than
ancGFP, exhibiting red, orange, and green phenotypes. The presence of green and orange clones
is unsurprising, as ancl5 is green prior to photoconversion. Failed or incomplete

photoconversion would lead to a green or orange phenotype.

Validation of high-throughput results
To validate our high-throughput results, we measured the effects of 5 individual point
mutants on the fluorescence of ancGFP and anc15. We expressed each mutant protein in bacteria

and then measured their fluorescence intensity in a plate reader. The mutations in question were
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156N, Q/H62R, N65K, P72S, and K80E. The sites were in the inner core of the beta-barrel,
ranging from the bottom of the chromophore-bearing pocket through the top of the protein (Fig
4A). Given their locations adjacent to the chromophore, these mutations were likely to be
influential in maintaining a proper fluorescence phenotype. These mutations sample a variety of
shifts in amino acid properties, including changes in hydrophobicity, side chain length, and
charge states.

We found that these mutations had dramatically different effects on anc15 versus ancGFP.
In anc15, every mutation disrupted fluorescence, with both the green and red wavelengths falling
near or below cellular autofluorescence (Fig 4B). This result is consistent with the mutationally
sensitive neighborhood observed for anc15 in Fig 3C and 3D. In contrast, mutations in ancGFP
displayed a range of effects. Consistent with the neighborhood of ancGFP, some mutations
dimmed (I56N) or completely ablated fluorescence (Q62R and N65K), while others maintained a

roughly equivalent or higher brightness (P72S and K80E) (Fig 4B).
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Fig 2.4. Experimental characterization of selected library mutants in ancGFP and anc15
backgrounds. A) Locations of five mutations, shown on the structure of LEA (PDB: 4DXN 1),
Spheres indicate alpha carbons, except for position 62 where the whole amino acid is shown as
spheres. B) Fluorescence intensity of ancGFP (left) and anc15 (right) mutants relative to the
associated wild type at combined 510 nm and 585 nm emission wavelengths (roughly
corresponding to the characteristic green and red emission spectrum peaks in anc15, figure 1D).
Intensities are summed from independent excitation measurements of 405, 488, and 561 nm.
Intensities are shown either with no prior UV exposure (-UV) or with 30 minutes of prior UV
exposure (+UV). Bar is mean intensity across three biological replicates; error bars represent
standard error of the mean. Darker bars are measured intensities after 30 minutes of UV
exposure. Fluorescence is shown in arbitrary fluorescence units above cellular autofluorescence
and normalized for differences in expression level by using the fluorescence intensity of a fused
and unmutated miRFP703 at 703 nm emission. Green and red emissions of all mutants are shown

in supplemental figure 6.
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Single substitutions can alter the neighborhood

The dramatic difference in the neighborhoods of ancGFP and anc15 reveals that local
volumes of sequence space can change quite dramatically over evolutionary time. While this
finding is significant, the transition from ancGFP to anc15 involves 15 substitutions—a
substantial jump in sequence space. Because of this jump, it is difficult to determine whether
these changes in neighborhoods are a result of many small-effect size mutations or few large-
effect size mutations. To ask this question, we made single-site substitutions to both ancGFP and
ancl5 and measured the resulting changes in sequence neighborhoods.

To probe the effects of single mutations, we characterized the effects of two historical
mutations on the local neighborhoods of ancGFP and anc15 (Fig 5A). The first mutation was
Q62H (Fig 5B). H62 is directly incorporated into the chromophore during photoconversion and
is thus critical for photoconverted red color of the protein. The derived histidine is conserved
across the derived photoconvertible fluorescent proteins 3°%°2, While this histidine has been
shown previously to be necessary for photoconversion, it is not sufficient for photoconversion
when introduced alone into the ancGFP background >>. In addition to the lack of color changes
associated with the histidine substitution alone, this substitution has not been found to induce
large structural changes to the ancGFP structure °°. Together, previous literature suggests a small

effect size, if any, of the single Q62H substitution in re-shaping the neighborhood of ancGFP.

36



ancGFP ' anc15

e
Q62H

Fig 2.5. Point mutants of ancGFP and ancl15 and their local neighborhoods. A) Structures of
ancGFP (green) and anc15 (pink) indicating positions 62 and 69 via arrows (PDB: 4DXI,
4DXN). Eye icon indicates the viewpoint shown in next panel. B) Top-down view of the
chromophore in ancGFP and anc15 showing Q62 in ancGFP and H62 in anc15. C) Structure
shows a hydrogen bond network (yellow dashes) that influences photoconversion rate. The black
arrow indicates the hydrogen bond that must break during photoconversion. The % icons indicate
the hydrogen bonds disrupted by the T69A substitution. D-G) Color neighborhood and
brightness distributions of point mutants. D) Smaller ring diagram reproduces ancGFP
neighborhood from Fig 3A; larger ring diagram shows ancGFP/Q62H. Violin plot shows
brightness of genotypes within each ring. All graphical elements match those shown in Fig 3 A
and B. Green and red dashed lines on brightness graphs represent the averages of ancGFP and
ancl5, respectively (Fig 3B,D). E) Results for anc15/H62Q. F) Results for ancGFP/T69A. G)
Results for anc16/A69T.
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We found that mutating Q62H in ancGFP resulted in a less robust neighborhood with
little to no impact on color diversity (Fig 5D). While 84% of the ancGFP neighborhood exhibited
fluorescence, only 57% of the ancGFP/Q62H neighborhood did. Further, the brightness of the
proteins that did fluoresce was substantially dimmer, being much more similar to anc15 than
ancGFP (Fig 5D). We next tested how the H62Q reversion in anc15 altered its neighborhood.
This mutation dramatically increased the robustness of the local neighborhood and eliminated its
color diversity (Fig 5SE). It also increased the brightness of the proteins that exhibited
fluorescence (Fig SE). Overall, the anc15/H26Q neighborhood was indistinguishable from the
ancGFP neighborhood both in terms of colors observed and brightness (Fig SE). The lack of
color diversity is unsurprising, as histidine is critical for formation of the red chromophore;
however, the massive change in robustness due to a single point mutation was unexpected given
the documented lack of functional and structural changes from the single Q62H substitution.

The Q62H mutation, by itself, thus acts as a toggle. In the Q state, the neighborhood is
more robust and brighter, but loses all color diversity. In the H state, the neighborhood is less
robust and dimmer. H interacts epistatically with the background. In ancGFP, it has no effect on
color diversity; in the anc15 background, it confers photoconversion and thus red and orange
phenotypes.

We next asked how a different historical substitution altered the sequence neighborhood.
The T69A mutation dramatically increases the rate of photoconversion by a known mechanism
53,7690 Chromophore maturation requires the rotation of its phenol ring, which in turn requires
breaking the ion pair between His-193 and Glu-211 (Fig 5C). The historical T69A mutation
removes two hydrogen bonds to Arg-66 (indicated by “x” in Fig 5C), thus destabilizing the polar

network involving His-193 and Glu-211. This, in turn, speeds up photoconversion.
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We introduced the historical T69A mutation into the ancGFP background and measured
its local neighborhood. We found no change in the fraction of fluorescent proteins and no
appreciable difference in color diversity compared to ancGFP. There was, however, a large drop
in the brightness of sequence neighborhood, with mutants in the ancGFP/T69A neighborhood
resembling anc15. This is consistent with solvent quenching due to increased dynamics in the
region “above” the chromophore in the beta barrel %,

We next reverted A69T in the anc15 background. We saw an appreciable increase in
robustness (61% fluorescent in the outer ring of A69T versus 36% in ancl5), as well as retention
of the diverse color phenotypes (Fig 5G). We also saw a moderate increase in brightness. It is
important to note, however, that 3x the UV-exposure time was required to achieve high levels of
photoconversion across the neighborhood when compared to ancl5 (see next section).

Taken together, these results underscore the importance of the historical Q62H and A69T
mutations on the mutational robustness of the evolving protein. Additionally, these results
suggest that these specific residue changes can toggle the accessibility of immediate sequence
space in this trajectory. These results show that a single site substitution involving function

optimization can significantly impact the neighborhood, but the effect size of that substitution

may depend heavily on genetic background.

Photoconversion does not affect neighborhood robustness
We wanted to test if the process of photoconversion itself was responsible for decreasing
neighborhood robustness in these two proteins. One possibility was that ancGFP and anc15 had
similar levels of robustness for the initial green color, but that mutations in anc15’s neighborhood
resulted in non-productive photoconversion and thus ablation of fluorescence instead of a normal

green-to-red color shift. If non-productive photoconversion is pervasive and contributes to higher
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mutational sensitivity and decreased robustness in the neighborhood, we would expect the
fraction of non-fluorescent proteins to increase as a function of UV exposure (Fig 6A).
Alternatively, if the mechanism of photoconversion does not affect the neighborhood robustness,
the fraction of non-fluorescent proteins should remain relatively constant given UV exposure
time (Fig 6B). We measured the neighborhood of anc15 in 5-minute intervals of UV exposure
time and found no significant change in the fraction of non-fluorescent mutant proteins (Fig 6C).
As expected, the rate of photoconversion decreased for the mutant proteins compared to anc15
with 0 mutations (Fig 6D). Similarly, anc15 A69T showed no significant change in the fraction
of non-fluorescent proteins across 15-minute intervals of UV exposure time (Fig 6E). Mutated
ancl5 A69T also showed some decreased rates of photoconversion efficiency (Fig 6F). These
results indicate that the mechanism of photoconversion does not affect neighborhood robustness
and that differences observed between neighborhoods is likely due to some other protein

feature(s).
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Fig 2.6. Neighborhoods of photoconvertible proteins over UV exposure time. A-B) Cartoons
depicting the expected outcome if decreased mutational robustness arises from non-productive
photoconversion (A) or some other mechanism (B). C) Neighborhood of anc15 across 30
minutes of UV exposure time. D) The fraction of green, orange, and red proteins in each ring of
anc15’s neighborhood over photoconversion time. The bold line tracks the center ring of non-
mutant proteins while the thinner lines follow each mutant ring. E-F) Results for anc15/A69T, as
in panel C-D. Note that this required 90 minutes of UV exposure time.
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Unrelated RFPs are not mutationally robust

We next wanted to further probe why local neighborhoods differ from one another in
their robustness. One possible explanation for why ancGFP is more robust than anc15 is because
ancl5 is a statistically inferred photoconvertible intermediate protein and not an extant protein.
Since anc15 is statistically inferred, it could possess a pathological, non-historical combination
of mutations that artificially compromises robustness. To test this possibility, we generated the
local neighborhood of an extant photoconvertible fluorescent protein, meleRFP, derived from
Mycedium elephantotus ®*. Since meleRFP is unrelated to M. Cavernosa, its neighborhood
additionally reveals whether low mutational robustness is specific to photoconvertible proteins in
the historical trajectory that includes anc15. We found that the local neighborhood of meleRFP is
very similar to anc15 in both robustness and phenotypic diversity, with only ~20% of proteins
with 6+ mutations fluorescing either green, orange, or red above background fluorescence (Fig
S2).

Another possibility is that having the ability to photoconvert is itself causing anc15 to be
less robust. Since this is a feature that we have observed with both anc15 and meleRFP, we
decided to estimate the local neighborhood of a constitutively red fluorescent and engineered
protein mCherry . We found that despite having a different mechanism of chromophore
maturation to achieve red fluorescence, mCherry and anc15 have similar mutational robustness
(Fig S2). These results indicate that changes in neighborhood composition are likely not due to
ancl5 being an evolutionary intermediate and that a lack of mutational robustness is not a feature

exclusive to photoconvertible fluorescent proteins.
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Protein stability does not explain neighborhood robustness

We next sought a biophysical explanation for the huge changes in robustness conferred
by mutations at sites 62 and 69. Previous work has shown that protein stability can modulate the
evolvability of proteins *7-*?, Higher stability allows a protein to tolerate destabilizing
mutations, and thus could increase the functional volume of the sequence neighborhood. To
determine the extent to which stability controls robustness for these proteins, we measured the
stability of ancGFP, anc15, GFPQ62H, GFP/T69A, anc15/H62Q, and anc15/A69T using
guanidinium hydrochloride. We found that the denaturation curves could be fit with an apparent
two-state folding model (Fig 7A). We saw little correlation in the denaturation midpoint and the
robustness of the map. (Fig. 7B). We repeated the stability measurement using temperature
denaturation and again found no correlation between melting temperature (irreversible) and
mutational robustness (Fig S3). This suggests other factors besides global stability control the

robustness of these proteins to mutation.
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Fig 2.7. Protein stability does not correlate with mutational robustness. A) Normalized
fluorescence measurements (emission at 508/518 depending on genetic background) across
0.25M intervals of GdmHcl. After mixing, samples equilibrated for 2 weeks to assure
equilibrium. We fit a 2-state unfolding model to the unfolding curves to extract Cwm. Fit
parameters are given in table S1. B) Extracted C, parameters from panel A for each protein
genotype versus the fraction of non-fluorescent proteins in the >6 mutation ring from each
neighborhood.

DISCUSSION

Here, we introduced a new method of to rapidly quantify changes in local sequence
neighborhoods for fluorescent proteins. This method is useful for high-throughput
characterization of thousands of mutant fluorescent proteins using RGB intensities and can, from
mutant library generation to a neighborhood diagram, be completed in as little as a week.
Through applying this method to a naturally evolved GFP-like protein, we demonstrate that
changes in mutational robustness can be profound from one local neighborhood in sequence
space to another. While we have shown that a local neighborhood can change dramatically

between relatively distant regions of sequence space (i.e. ancGFP vs anc15), we also found that a
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single point mutation can significantly re-shape the neighborhood accessibility in both genetic
backgrounds.

While the underlying mechanism or structural feature responsible for modulating local
neighborhood robustness is unclear, we found little supporting evidence for a few possible
features in this study. First, global structural stability does not seem to directly correlate with
neighborhood robustness. While a single amino acid change at position 62 or 69 can shift both
the stability and robustness of ancGFP or anc15, these two features appear to be decoupled (Fig
7B). Second, the process of photoconversion itself does not drive the divergence in robustness
between ancGFP and anc15 (Fig 6). Despite this, the apparent tradeoff between photoconversion
efficiency and neighborhood robustness observed with anc15A69T is interesting and may
suggest a potential role for dynamics and protein flexibility near the chromophore as one driver
for shaping local neighborhoods.

Stability on the local scale of important structural features near the chromophore bearing
pocket may also be tuning the mutational robustness of these proteins. We are currently running
Hydrogen-Deuterium Exchange- Mass Spectrometry to measure the stabilities of local peptides
in each of the analyzed proteins in this study. We aim to include this piece of data in the final
iteration of this paper.

This study used a novel high-throughput pipeline for generating local neighborhoods for
a naturally evolved protein at multiple points along a historical trajectory. Though the
mechanism responsible for determining the accessibility of the neighborhoods remains unclear,
we show evidence against a few possibilities and lay the groundwork for potential avenues in
exploring the mechanisms that do directly shift local regions of sequence space. Future studies

should focus on further elucidating the effects of local structural stability or dynamics on
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neighborhood robustness and assessing the generality of those effects to broader classes of

enzymes and their evolution.

MATERIALS AND METHODS
Linear modeling for neighborhood inference

We used a linear model to infer the color neighborhood for each genotype. Imagine we
wish to measure the distribution of green genotypes in a neighborhood that consists of genotypes
with zero, one, or two mutations. The probability that a randomly selected clone is green is given
by:

P(G) = P(GIng)P(no) + P(GIny)P(ny) + P(GInz)P(ny)
where P(n;) is the probability that a clone has i mutations and P(G|n;) is the probability that a
clone with i mutations is green. Our goal is to estimate the values of P(G|n,), P(G|n,), and
P(G|n,), thus characterizing the green neighborhood from 0 to 2 mutations away from the initial
genotype.

To estimate these values, we can construct libraries that vary in their proportions of
genotypes with 0, 1, or 2 mutations. For example, we might make three libraries. The first library
has only clones with zero mutations and no clones with one or two mutations. The second library
has an even mixture of genotypes from each class: 1/3 of the clones have no mutations; 1/3 have
one mutation; and 1/3 have two mutations. The third library has a different proportion of
genotypes from each class: 1/10 of the clones have no mutations, 4/10 have one mutation, and
5/10 have two mutations. If we substitute in the proportions of each genotype class within each
library into P(n;), we obtain the following three equations for the probability we see a specific

color in each of the three libraries:
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P(G)yp1 = P(G|ng) X 1 + P(G|ny) X 0+ P(G|ny) X 0
P(G)yp2 = P(G|ng) X 1/3 + P(G|ny) X 1/3 + P(G|n,) X 1/3
P(G)ip3 = P(G|ng) X 1/10 + P(G|ny) X 4/10 + P(G|n,) X 5/10
If we can experimentally measure P(G);ip1, P(G) b2, and P(G);p3, We now have three
equations with three unknowns and can thus solve for P(G|n,), P(G|n,), and P(G|n,). This can
be generalized for any color, up to L mutations as:
P(color) = P(color|ny)P(n,) + P(color|n,)P(ny) + -+ P(color|n,)P(n,).

We generated libraries with different values for P(n;) by error-prone PCR. This generates
a Poisson-distributed set of mutations controlled by the mutation rate A. By varying the mutation
rate between libraries, we can build libraries with known values for P(n;). Our final model is

thus:
i<L
P(color|)) = Z P(color|n;))P(n;|A)
i=0
where P(color|}) is the probability of seeing a specific color given a library mutation rate A and
P(n;|A) is the probability of observing a clone with i mutations given the library mutation rate A.

For each neighborhood, we generated 8 libraries with mutation rates between an average
of 0.77 mutations per gene and 3.42 mutations per gene. Having 8 libraries allowed us to write 8
equations with 8 unknowns, and thus measure the sequence space out to 7+ mutations.

We measured P(color|)A) for each library by flow cytometry (details below). We defined
color as using the values of the red, green, and blue cytometer channels. We broke each channel
into 40 evenly spaced bins. We could thus resolve the 40 x 40 x 40 = 64,000 different colors in
each experiment. We experimentally estimated P (n;|A) for our libraries using high-throughput

sequencing (see below).
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Construct design
We expressed all ancestral GFP-like proteins as a fusion, with an engineered N-terminal

bacterial phytochrome miRFP703 **

connected to a C-terminal GFP-like protein by a 40 amino
acid long rigid linker that predominantly consisted of alanine residues. We used this linker to
reduce Forster Resonance Energy Transfer (FRET) efficiency between the two proteins '%°. This
fusion construct design allowed us to detect the presence of non-fluorescent GFP-like proteins.
The miRFP703 phytochrome fluoresces with a peak intensity of 703 nm while the GFP-like
proteins fluoresce with peak intensities between 450 and 650 nm. By measuring fluorescence on
channels across these wavelengths, we can not only detect shifts in blue, green, and red

wavelengths from our GFP-like protein, but also when the only fluorescent molecule in the

construct is the miRFP703.

Library plasmid and cell preparation
We used error-prone PCR to introduce random mutations into the GFP-like protein and
re-synthesized the vector backbone using the Agilent GeneMorph EZ clone domain mutagenesis
kit. We mutated residues 31-227 (Fig S1). Once the mutant library was made, we transformed
XL10-Gold ultracompetent cells via heat shock at 42°C. Around 10,000 colonies were then
collected and aliquoted to a cryogenic tube in a 1:1 mix with 50% glycerol and stored in a -80°C

freezer.
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Cytometry sample preparation

For each fluorescent protein sample, we grew overnight cultures from glycerol stock cells
at 37 °C in LB broth with dual selection antibiotics of chloramphenicol and ampicillin. We
extracted 700 pL of the overnight culture and transferred it to 25 mL of fresh LB broth +
antibiotics. We then grew these cells at 37 °C until an optical density between 0.6-0.8 was
reached. To induce expression, we added 25 uL of 1M IPTG and then allowed cells to express
for 6 hours at 37 °C. Following expression, we pelleted cells by centrifugation, discarded the
supernatant, and stored the pellets in a -20 °C freezer overnight. The next day, we washed cells
with 1X PBS and centrifuged at 5,000 RPM for 5 minutes at 4 °C. Following centrifugation, we
discarded the PBS, and fresh 1X PBS was added to resuspend the cells. If photoactivation was
required, we exposed the cells to a UV flashlight for 30 minutes. We diluted each sample 1:10 in
1X PBS in a black, clear bottom 96-well plate for triplicate OD measurement with an 13x

SpectraMax plate reader. Finally, we diluted the cells to an OD of 0.4 and placed them on ice.

Flow cytometer specifications
We ran our cells through a SonySH800 conventional flow cytometer available through
the Genomics and Cell Characterization Core facility at the University of Oregon. To maximize
the probability of exciting a fluorescent protein, we used 405, 488, 561, and 638 nm lasers in all
experiments and acquired the fluorescence emission using fluorescence channels 1-5 (in nm:
425-475, 500-520, 565-600, 640-680, 690-750). To reduce signal overlap between channels 2
and 3, we exchanged their bandpass filters and reduced the bandpass width to 510 (+- 10 nm)

and 585 (+- 15 nm), respectively.
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Cytometry data calibration
To reduce day-to-day variability and discrepancies in laser gain settings across
experiments, we calibrated every experiment to standardized fluorescence units using Spherotech
8-peak rainbow calibration beads (RCP 30-5A). We diluted these beads by adding 2-3 drops of
the solution into 1 mL of 1X PBS. We then used this bead data to standardize our experiment
using the open-source software package FlowCal in Python '°*. We executed each calibration step
according to the sample workflow documented on the FlowCal ReadtheDocs

(https://flowcal.readthedocs.io/en/latest/python_tutorial/index.html).

Library mutation rate calibration

We measured the frequency of clones with 0, 1, 2 ... 6+ mutations in each error-prone
PCR using Illumina NovaSeq 6000 paired-end 150bp sequencing. We performed this sequencing
on each library in the ancGFP genotype background. We used a standard Phusion polymerase
PCR amplification on each sample and then purified the resulting amplicons through GenelJet gel
purification. Following purification, we ligated Illumina TruSeq adapters and finalized libraries
for high-throughput sequencing following the Roche Kapa Hyperprep protocol. For each library,
we calculated the average per-gene mutation rate. From there, we compared the theoretical
Poisson mutation frequency distribution to the observed frequency distributions with an average
R? 0f 0.992. These observed mutation frequencies were used in the linear model for inferring the

local neighborhoods (Fig S4).
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Measuring protein stability

We measured protein stability by first fully denaturing each protein in 7M guanidinium
hydrochloride (GdmHCI). We left each protein to sit for 1 week in this high concentration
solution before transferring to lower concentrations of Gdm. We used black 1.5 mL
microcentrifuge tubes to prevent light exposure photoconverting any photoconvertible competent
proteins during the chemical denaturation. After sitting for one week, we created solutions across
a range of guanidinium hydrochloride concentrations [GdmHCI]. These concentrations of
GdmHCI ranged between OM to 7M in intervals of 0.25M as measured by a refractometer!'%?. We
added each protein to each solution such that the final concentration in each solution was 10 puM.
We did this step so proteins could re-fold and equilibrate to a balance of unfolded and folded
states. After 1 additional week of equilibration and re-folding, we measured fluorescence
emission at either 508/518 nm on the i13x SpectraMax plate reader depending on which protein
was being analyzed. We fit a 2-state folding model on these fluorescence emission results for
each protein and extracted the CM (concentration at which fluorescence was half of the

maximum observed) as a descriptor of protein stability.
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Bridge to chapter 111

In chapter II, I demonstrated the utility of applying high-throughput mutant library generation
with experimental characterization to a naturally evolved protein system using GFP-like proteins.
Not only does mutational robustness change dramatically over short periods of evolutionary time
for the protein examined, but the biophysics that underlie this change are complex and
potentially involve local structural stability or tradeoffs between kinetics and function. This study
reveals a powerful method that can be used moving forward to further use the lens of biophysics
in exploring protein sequence space. While this technique from chapter II is useful in exploring
swaths of sequence space around a historical trajectory, we can also use the historical trajectory
itself to gain insight into the biophysics guiding protein evolution. Ancestral Sequence
Reconstruction, as mentioned prior, is an excellent technique to resurrect an ancient protein and
regenerate the likely historical trajectory of the protein’s evolutionary path. Using this technique
coupled with a biophysical lens, we can examine the changes to a protein’s energy landscape
over time and investigate how much of a driving force this landscape is for evolution. In chapter
III, I introduce this concept of the protein energy landscape, give examples of how we can tie this
idea into ASR studies, and provide future directions of potential avenues for the field moving

forward.
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CHAPTER III

ANCESTRAL RECONSTRUCTION AND THE EVOLUTION OF PROTEIN

ENERGY LANDSCAPES

Author contributions

Michael Harms, Lauren Chisholm, Kona Orlandi, Sophia Phillips, and Michael Shavlik
conceptualized the study. Each author contributed writing and editing to the manuscript and text
was finalized by Michael Harms. Figures were created and edited by each author and finalized

by Michael Harms. Michael Harms administered the tasks for the project.

Abstract
A protein's sequence determines its conformational energy landscape. This, in turn, determines
the protein's function. Understanding the evolution of new protein functions therefore requires
understanding how mutations alter the protein energy landscape. Ancestral sequence
reconstruction (ASR) has proven a valuable tool for tackling this problem. In ASR, one
phylogenetically infers the sequences of ancient proteins, allowing characterization of their
properties. When coupled to biophysical, biochemical, and functional characterization, ASR can
reveal how historical mutations altered the energy landscape of ancient proteins, allowing the
evolution of enzyme activity, altered conformations, binding specificity, oligomerization, and
many other protein features. Here, we review how ASR studies have been used to dissect the
evolution of energy landscapes. We also discuss ASR studies that reveal how energy landscapes
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have shaped protein evolution. Finally, we propose that thinking about evolution from the

perspective of an energy landscape can improve how we approach and interpret ASR studies.
Introduction

The sequence of a protein encodes a conformational energy landscape 9%, Some
conformations are favored, others less so. The ensemble of conformations determines the
function of the protein, with many functions depending on a protein fluctuating between multiple
conformations %197 This implies that understanding the evolution of protein function requires
understanding how mutations alter the protein energy landscape %519,

The importance of an energy landscape view for understanding protein evolution can be
seen in a simple engineered evolutionary trajectory. Researchers sequentially introduced
mutations converting a primarily p-sheet protein into a primarily a-helical protein '1%112, At the
beginning of the trajectory, the a-helical state had a high energy and was thus unpopulated. The
mutations then stabilized the a-helical conformation and destabilized the B-sheet conformation
until, ultimately, the ground state of the protein switched from B-sheet to a-helical (Fig 1). A
landscape view is needed to make sense of this change to the ground state, as the transition
requires describing changes to both the B-sheet and a-helical conformations, as well as their
relative energies at each evolutionary step. Like this engineered trajectory, natural protein
evolution proceeds through mutations that tune the energy landscape 108:10-113-120,

Ancestral sequence reconstruction (ASR) is a powerful tool for revealing how energy
landscapes evolve. In ASR, one uses the sequences of modern proteins and phylogenetic models
to reconstruct the sequences of ancient proteins, which can then be characterized experimentally.

ASR studies reveal when historical amino acid substitutions occurred and how they correlate

with the acquisition of new protein features. This is an efficient means to identify residues
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important for a given function 21?2, Furthermore, ASR places protein features into a natural
hierarchy: those that evolved first both set up and constrain those that evolved later 2.

ASR also provides information about how the energy landscapes of natural proteins
evolve that is not readily accessible by other evolutionary analyses. For example, both ASR and
co-evolutionary methods can be used to extract biophysical information from sequence
alignments. ASR focuses on specific substitutions in historical proteins, allowing researchers to
mechanistically dissect changes to the energy landscapes of specific family members. By
contrast, co-evolutionary methods identify sites whose identities co-vary across massive
sequence alignments 1224, This averages out sequence changes from individual evolutionary
lineages, revealing architectural constraints shared by an entire protein family at the expense of
detail about each family member. Likewise, experimental methods such as saturation
mutagenesis and directed evolution are powerful for studies of how mutations alter energy
landscapes '2>1?°. But these methods deal in artificial evolutionary trajectories occurring under
laboratory conditions. ASR, by contrast, provides a window into the evolution of naturally
occurring proteins, which evolve in an integrated biological context and are subject to diverse
evolutionary processes. Thus, ASR provides specific evolutionary information that complements
other bioinformatic and experimental methods.

In this review, we discuss how ASR methods have been used to uncover the evolution of
energy landscapes in naturally occurring proteins. We briefly review the methods and logic of
ASR, followed by recent findings illustrating the evolution of energy landscapes and how this
has shaped evolutionary trajectories. We describe how applying this lens to ASR studies helps us
think about deep trends in protein evolution. Finally, we conclude with some current work that

will help improve ASR as a tool for understanding the evolution of protein energy landscapes.
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Figure 3.1. Protein evolution and energy landscapes. Cartoon of a four-mutation evolutionary
trajectory that switches a small protein from a B-sheet to a-helical conformation. The black lines
show the energy landscape for each genotype; the opacity of each conformation shows its
population at equilibrium; the effects of mutations on the energy landscape are denoted with
arrows. Mutations 1 and 3 stabilize the helical fold; mutations 2, 3, and 4 destabilize the sheet
fold. Together, they switch the fold from B-sheet to a-helical.

How does ASR work?
Before diving into how ASR has been used to dissect the evolution of energy landscapes,

we will provide a brief overview of the methods and statistics used in ASR. For more details, we

127-131

recommend several recent reviews , as well as descriptions of software packages that

explain how the calculations are done 327134,

ASR was first proposed by Linus Pauling and Emile Zuckerkandl in 1963 '3, They
realized that analyzing the sequences of modern proteins in the context of an evolutionary tree

could, in principle, allow them to reconstruct the sequences of ancient proteins. The advent of

136,137

new statistical and computational approaches , massive databases of protein sequences, and

cheap gene synthesis has led to an explosion in ASR studies to reconstruct the evolution of

116,138-144

diverse protein features. These features include: enzymatic activity , thermodynamic

148,149

stability 7147 folding pathways , regulation '*°, oligomeric state '°"!*2, binding specificity

157,158 h 159-162

1537156 fluorescent photoconversion , absorption wavelengt , and many other

functions 1637165,
ASR requires four steps. First, one defines a protein of interest and collects homologous

sequences from diverse organisms (Fig 2A). Second, one constructs a multiple sequence
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alignment (MSA) from these sequences (Fig 2B). This alignment defines which sites are
homologous—that is, arose by descent—in those sequences. Third, one uses the information
from the MSA to construct a phylogenetic tree describing the evolutionary relationships between
the sequences (Fig 2C). Fourth, and finally, one infers the sequences of ancestors by
extrapolating backwards along the inferred tree (Fig 2C).

To infer the phylogenetic tree and ancestors, most ASR studies use statistical models built
on several assumptions: 1) sequences in the MSA arose by a strict bifurcation/branching process;
2) each site evolves independently; and 3) the relative probability of amino acid substitutions at
each site has been the same over time. At the heart of such models is a substitution matrix
encoding the probability of different evolutionary transitions (Fig 2D). These matrices are
inferred from known protein sequences and thus tend to reproduce one’s physiochemical

intuitions. For example, in the commonly used LG matrix '%

, the probability of a polar-to-polar
Thr to Ser substitution is 33-times greater than a polar-to-aromatic Thr to Tyr substitution (Fig
2E). Phylogenetics software finds the phylogenetic tree that maximizes the probability of
observing the MSA given the substitution model.

Ancestors are then inferred using the phylogenetic tree. For most studies, ancestors are
reconstructed using the marginal probability method '*7. For each site, at each ancestral node,
ASR software determines the relative probability of all ancestral scenarios given the tree and
MSA. This is shown schematically in Fig 2F for an ancestral site that could plausibly be Ser or
Thr. In this case, Thr is favored over Ser because the required evolutionary moves (S—T, T—T,

T—T) have a higher likelihood than those required for Ser (S—S, S—T, S—T). This difference

is quantified with a posterior probability: the likelihood of the most likely set of events over the
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total likelihood of all events. A higher posterior probability indicates stronger support for the
reconstructed amino acid at that site.

This core modeling approach is used in almost every ASR study. Additional terms may be
added to better model specific evolutionary processes. These include modeling variable
evolutionary rates across sites '¢7, using different substitution matrices for different sites in the
alignment '%%1% and incorporating information from the species tree when inferring the gene
tree '°. Another key choice is whether to use a maximum likelihood approach, which infers the
most plausible tree and ancestors, or a Bayesian approach, which infers a distribution of
plausible trees and ancestors !”!. Given the experimental difficulties of characterizing a
representative ensemble of ancestors and evolutionary trees, most ASR studies rely on a

maximum likelihood approach.
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Figure 3.2: How ASR works. A) Download a diverse collection of modern sequences from
online databases. B) Create a multiple sequence alignment (MSA). C) Infer a phylogenetic tree
modeling the evolutionary history of the sequences in the MSA. The amino acids noted on the
tree correspond to the site highlighted in gray in the MSA. D) The commonly used LG amino
acid substitution matrix. Colors denote the log of the exchangeability of the amino acids denoted
along x- and y-axes. E) Subset of the LG matrix showing the relative substitution probabilities of
a handful of chemically similar and dissimilar amino acids. F) Calculation of the posterior
probability that the amino acid at ancestor “?”” was most likely Thr (PPt). To do so, we calculate
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the probability of two chains of evolutionary events: one with ancestral Thr (S—T, T-T, T—-T),
the other with ancestral Ser (S—S, S—T, S—T). The chain with Thr is 13 times more likely than
the chain with Ser (0.038 vs. 0.003), giving a posterior probability the ancestor was Thr of 0.93.
(Note: in this toy example, we assumed all branch lengths were identical).

The logic of an ASR study

The basic task in most ASR studies is to learn how a set of historical substitutions
conferred a new function to an ancestral protein. A study to understand how protein feature X
evolved would typically involve several steps 21172, First, find the most recent ancestor that did
not have X (ancPreX) and the oldest ancestor that had X (ancPostX). X evolved somewhere along
the evolutionary branch between these two ancestors. Then, using experiments and/or
computational analyses, identify the set of mutations that conferred X. This is usually a subset of
the total sequence differences between ancPostX and ancPreX. Finally, dissect the mechanism by
which the historical mutations conferred X, usually by studying their effect in the historical
ancPreX genetic background.

We can see how this works in practice for the evolution of protein heterocomplexes '7>.
ASR has been used to trace the evolution of several multi-component protein complexes
including the VO ring of V-ATPase '7*, hemoglobin !°, and other proteins '7>!7®. Figure 3 shows
a cartoon abstraction of these results for a hexameric complex assembled from four proteins (Fig
3, bottom right). The deepest reconstructed ancestor forms a homomeric hexamer (Fig 3, bottom
left). By following how the assembly changes over subsequently more recent ancestors, one can
identify the key substitutions and events that led to a highly specific modern complex. In this
example, the first event was a duplication of the most ancient, homo-hexameric ancestor.

Immediately after duplication, the subunits were interchangeable. This was followed by a
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mutation that created a “hole” in one subunit that did not alter assembly: the subunits remained
interchangeable. A second mutation created a “knob” that can only be accommodated by being
adjacent to a subunit with a hole, thus conferring a specific assembly order. This process then
repeated along further evolutionary branches, leading to the modern complex.

This example shows the basic logic of ASR studies, and how ASR can be used to pick
apart the evolution of complicated, integrated protein features. With this strategy in mind, we can
discuss how ASR has been used to learn about the evolution of protein function, specifically

through the lens of energy landscapes.
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Figure 3.3: ASR can be used to trace the evolution of complicated protein features over
time. This is a generalized view of the evolution of a heterohexamer, as found for multiple
naturally occurring complexes 7+, 1) The ancestral protein forms a homohexamer. 2) The
protein duplicates. The subunits have identical sequences and thus assemble in any stoichiometry
and order. 3) A mutation occurs to one subunit, creating a “hole” at the interface that is
compatible with any assembly order. 4) A mutation occurs on the other subunit, creating a
“knob” at the interface that can only be accommodated by the “hole” on the other subunit. The
proteins now form a specific hexamer with alternating subunits. 5) Further duplications and
mutations allow ever-more-specific complex assembly.
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Evolution of folding energy landscapes

We now examine how ASR has been used to study the evolution of energy landscapes.
Folding energy landscapes are a natural place to start, as folding into the native state is a
prerequisite for function in most proteins. So, what has ASR revealed about how the energy
landscape controlling protein folding evolved?

One key question is how folding energy landscapes evolve in the first place. In one
noteworthy example, researchers used ASR to unravel how a B-propeller fold evolved from much
smaller subunits. A B-propeller is a closed repeat protein built from five tandem duplications of a
short propeller-like motif '#>!”7, Using lectin B-propeller evolution to model new fold emergence,
Smock and colleagues resurrected an ancestral 47 aa protein encoding a single propellor-like
motif ¥, This ancestral motif spontaneously forms a noncovalent pentamer in trans, mimicking
the full B-propeller. Over evolutionary time, the gene encoding the monomer then duplicated,
fused, and diversified to create new interfaces between subunits and, ultimately, a complete 3-
propeller. This evolutionary trajectory is remarkably similar to the evolutionary assembly of
multi-protein complexes described in the previous section (Fig 3), suggesting similar
evolutionary mechanics can operate at both the level of tertiary and quaternary structural
assembly.

From the perspective of the energy landscape, one of the more intriguing aspects of this
study was that they found the folding constraints changed over evolutionary time. For the
ancestor, function depended on stable folding of the monomer and efficient pentamer assembly.
After duplication and fusion, new constraints emerged. One of the most notable was the
requirement to avoid inappropriate -sheet formation between subunits, which leads to

misfolding. The transition from a motif assembling in trans to a full B-propeller thus required
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smoothing the energy landscape by destabilizing—or, at least making kinetically inaccessible—
misfolded forms of the protein.

The presence of a relatively complex folding energy landscape can also open surprising
opportunities for evolutionary optimization. One example comes from the folding of RNaseH
118,146,148 'This protein folds through a metastable, on-pathway intermediate. By characterizing
ancestral proteins using hydrogen-deuterium exchange mass spectrometry (HDX-MS), the
Marqusee group found that the formation of the major folding intermediate has been conserved
over billions of years.

To understand the evolutionary implications of the preserved intermediate, the
researchers traced the evolution of RNaseH proteins starting from the ancestral protein and
proceeding along the branches leading to mesophilic and thermophilic descendants. They
discovered that preservation of the folding intermediate has allowed RNaseH proteins to
decouple the evolution of thermodynamic stability (the proportion of molecules in the folded
state at equilibrium) and kinetic stability (how long it takes before a protein unfolds once it
reaches the native state) (Fig 4A). While kinetic stability increased on both lineages,
thermodynamic stability only increased on the thermophilic lineage (Fig 4B). This could occur
because kinetic stability increased by different mechanisms along the two lineages. On the
thermophilic lineage, the mutations stabilized the native state, thus increasing both
thermodynamic and kinetic stability (Fig 4C-D). On the mesophile lineage, in contrast, mutations
destabilized the intermediate and folding transition state energy (Fig 4C,E). This increased
kinetic stability by increasing the height of the unfolding barrier without altering the proportion

of molecules folded at equilibrium.
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Finally, ASR has recently been used to investigate how energy landscapes can encode
multiple low energy conformations. In one recent example, researchers revealed how a few
mutations stabilized an alternative conformation of the protein without destabilizing the existing
native conformation ', They found a fascinating “zigzagging” evolutionary path, beginning
with an ancestral protein that had a single native state. Mutations sequentially stabilized an
alternate form of the protein, eventually causing the alternate conformation to become the most
stable conformation. Further mutations rebalanced the energy landscape, giving both
conformations nearly identical energies. As a result, the modern protein has two interconverting
native states that allow the same gene to encode multiple functions.
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Figure 3.4. A folding intermediate decouples the evolution of thermodynamic and Kinetic
stability. A) Energy landscape illustrating thermodynamic stability (governed by AGu) and
kinetic stability (governed by AG*). B) Cartoon tree showing evolution of RNaseH. The
thermophile lineage showed increased kinetic stability (gray to black) and thermodynamic
stability (pink to red). The mesophile lineage increased kinetic stability without altering
thermodynamic stability. C) Energy landscape of the RNaseH ancestor (under conditions
favoring folding). The protein folds through an on-pathway intermediate /. D) Energy landscape
of a modern thermophile RNaseH. Relative to the ancestor (purple), the free energy of the native
state decreased, increasing both thermodynamic (AAGy) and kinetic (AAG?) stability. E) Energy
landscape of a modern mesophile RNaseH. The energy of the intermediate and folding barrier
increased, increasing kinetic stability without altering thermodynamic stability.
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Tuning the energy landscape to confer new functions

ASR has also revealed important changes to energy landscapes within the native state
ensemble. Recently, for example, ASR was used to study the evolution of new substrate
specificity by the xenobiotic-degrading enzyme methyl-parathion hydrolase (MPH) ', MPH
recently acquired the ability to act on four new organophosphate compounds. The authors
resurrected the last ancestral enzyme that was unable to recognize these substrates, then
identified five mutations that were necessary and sufficient to confer the new activity. These
mutations had two primary effects. First, they improved the ability of the enzyme to stabilize the
appropriate transition state, thus increasing the rate of catalysis (Fig SA). Second, these
mutations reduced the prevalence of non-productive modes of binding (Fig 5B). In an energy
landscape view, the mutations stabilized the transition state and destabilized several non-
productive binding modes. In another study, researchers found that mutations away from the
active site tuned the dynamics of the protein, and thus substrate specificity '**.

The importance of mutations disrupting non-productive conformations within the
landscape has proven a common feature during the evolution of new activity and function. This
has even held true for ASR studies that have dissected de novo evolution of enzyme active sites.
For several different enzymes, residues within an existing binding site were repurposed when
mutations altered the conformation of the site %4117 This reorganization of the binding site
pre-positioned residues to bind the reaction transition state, lowering the reaction energy barrier
and conferring a low level of enzymatic activity (Fig SA). Subsequent mutations tuned the active
site to increase activity. For both the evolution of a plant flavonoid biosynthetic enzyme and a
bacterial cyclohexadienyl dehydratase '*'!7°, the final tuning stabilized the pocket, quenching

non-productive dynamics and destabilizing non-productive interactions (Fig 5B). Remarkably,
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many of the required changes to cyclohexadienyl dehydratase were distant from the active site
16,180 thys demonstrating an important role for the evolution of non-active site residues in tuning
the energy landscape of evolving enzymes. We also note that this work powerfully demonstrates
how ASR can identify residues important for function that may not be obvious from a simple
structural analysis 21122,

Sometimes the evolution of activity requires the addition of new dynamics rather than
quenched dynamics. The Matz group dissected the evolution of photoconversion activity from an
ancestral GFP-like protein from corals. The ancestral GFP-like protein autocatalytically forms a
green chromophore. Using ASR, the researchers identified a subset of historical substitutions that
conferred the ability of the protein to photoconvert from green to red upon exposure to UV light
157 Photoconversion requires that the chromophore rotate and pick up a nearby proton before
interacting with an incoming photon. This rotation and proton pickup requires breaking an
adjacent ion pair. One of the key mutations that occurred over this interval disrupted a hydrogen
bond network stabilizing this ion pair, lowering the energetic barrier of rotating the chromophore
and dramatically increasing the rate of photoconversion (Fig 5C) '8,

We have highlighted a few studies here, but there has been extensive work using ASR to
reveal how small perturbations to the energy landscape have led to the evolution of new
functions. Other examples include the evolution of a binding protein from an enzyme by
massively quenching the dynamics of the protein '?°; conferring new enzyme activity by
promoting oligomerization, and thus creating a new active site '°!; creating a new binding
interaction by mutations promoting an induced fit mechanism '3!; mutations that tune allosteric
networks '#271%%; tuning loop dynamics to alter activity °*!86, and the idea that altered heat

capacity of the transition state was important for the evolution of increased enzyme activity '’
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Figure 3.5. Evolution of function by altering energy landscapes. A) Icons show enzyme
(purple) operating on substrate (orange). In the ancestor, the transition state energy (closed
enzyme, yellow star) is too high to allow catalysis; mutations that lower the energy of the
transition state convert the ancestral protein into an enzyme. B) An enzyme binds to a substrate
in multiple conformations. One is productive (denoted with scissors); the other are non-
productive (red “x”’). Mutations that destabilize the non-productive conformations increase the
bulk rate of catalysis. C) The slow step in the photoconversion of a Kaede GFP-like
chromophore is breaking an ion pair near the chromophore (blue “+” and red “-”). A historical
Thr to Ala mutation at a site away from the chromophore disrupted a polar network stabilizing
the ion pair, thus increasing the rate of photoconversion.
Energy landscapes constrain evolution

ASR has also revealed ways in which protein energy landscapes shape evolution. One
example comes from our own work. We used ASR to study the evolution of a new pro-
inflammatory function by the mammalian protein SI00A9 87188 Reverting a functionally
important site in the human protein to its ancestral phenylalanine disrupted the function of the
protein. The reversion creates a new Phe/Phe contact that stabilizes a non-functional form of the

protein. In wildtype S100A9, the non-functional form of the protein is quite close in energy to

the native state—so close that a single new Phe/Phe interaction makes it the new native state (Fig
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6A). A co-evolutionary analysis of SI00A9 proteins from across mammals revealed that Phe can
be found at either site in the Phe/Phe pair, but almost never at both sites together. This suggests
the protein has been evolving to avoid this deleterious contact, and that the energy landscape
constrains how the protein can evolve.

Other studies have revealed similar constraints '*°~1°!. For example, the glucocorticoid
receptor in bony vertebrates evolved ligand specificity through a conformational shift in a helix
bordering the binding site. This was enabled by “permissive” mutations that stabilized the helix
in its new conformation. Although many mutations can stabilize the protein, only a few can act
as permissive mutations. This is because many of the stabilizing mutations shift the energy
landscape to favor the active form even in the absence of ligand, thus making the receptor

constitutively active '%.

Energy landscapes open and close evolutionary trajectories

The Phe/Phe interaction from above is an example of the broad phenomenon of epistasis,
where the effect of a mutation changes depending on the presence of other mutations (Fig 6B).
Epistasis profoundly alters evolutionary outcomes by opening and closing evolutionary
trajectories. Fig 6B shows a mutant cycle with two mutations a—A and b—B. The a—A
mutation disrupts function on its own, but can be tolerated after the b—B mutation. This means
the evolutionary trajectory ab—aB—AB is favored over the ab—Ab—AB trajectory. Epistasis
introduces contingency into evolution 8192193: 3 A can only occur after the permissive b—B

mutation. Epistasis also causes entrenchment '**-1%3194: once the restrictive a— A mutation occurs

in the aB background, it prevents the reversion B—b.
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Epistasis can arise directly from protein energy landscapes. One way, well documented in
a variety of ASR studies, is via the stability of the native state '*%191:19%:19 (Fig 6C). A mutation
that compromises protein stability may not be tolerated unless it is preceded by a different
mutation that stabilizes the protein (Fig 6C). Such stability tradeoffs often occur during the
evolution of new functions. Function-switching mutations often compromise protein stability by
creating unsatisfied interactions that confer binding specificity or, in the case of enzymes,
stabilize a transition state; these destabilizing effects are often offset by stabilizing mutations
190,191,195,196

ASR has also revealed more subtle ways that mutations can perturb energy landscapes,
thus changing the accessibility of evolutionary trajectories. Figure 6D-F shows a cartoon
landscape that starts with a weak interaction between two molecules (denoted with colored
circles and a purple bar). This weak interaction can occur via two, initially isoenergetic,
conformations (y and J). If mutations “1” and “2” occur in the purple molecule, they increase the
overall favorability of the interaction by sequentially stabilizing ¢ and destabilizing y (Fig 6D).
Mutations “3” and “4” promote the same interaction, but instead stabilize y over 6 (Fig 6E). Starr
and colleagues observed this phenomenon for the evolution of transcription factors interacting
with specific DNA response elements '°7. Using a combination of ASR and deep mutational
scanning, they found that there were several structurally different ways for an ancestral
transcription factor to evolve to bind specific DNA sequences. Commitment to one binding
model excluded the other binding model. This leads to profound epistasis. In the evolutionary
trajectory shown in Fig 6E, mutation “3” stabilizes the interaction; however, the same mutation

destabilizes the interaction in Fig 6F because mutation “1” has already committed the interaction
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to favor conformation 6 rather than y. The initial mutation selecting one conformation or the
other entrenches that particular outcome.

These examples demonstrate “pairwise” epistasis between two mutations; however, ASR
studies have also revealed examples of “high-order” epistasis between three or more mutations
ISTIT819L.194 1 three-way epistasis, for example, the effect of three mutations placed together
cannot be predicted from their individual effects combined with any pairwise epistasis '*82%,
Such high-order interactions arise naturally on energy landscapes that populate more than two
conformations 2°!. In the ASR study described above, where the authors dissected the evolution
of new enzymatic activity in MPH 78, the authors generated all 2° combinations of the five
mutations they identified as important of the new activity. They found extensive high-order
epistasis between the mutations, mediated by subtle changes in structure and binding energy.
This highly constrained the evolution of MPH activity. Out of the 120 (5!) possible paths through
this functional landscape, only 19 were accessible between the ancestral and extant MPH,
underscoring the importance of mutation order in evolution. This study joins a wealth of other
ASR studies showing how subtle biophysical changes can profoundly alter evolutionary

outcomes by inducing epistasis !3%-191:197:202,
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Figure 3.6. Epistasis arising from energy landscapes. A) The SI00A9 energy landscape
constrains evolution; Phe is tolerated at either site, but placing Phe at both sites stabilizes a non-
functional form of the protein. B) Epistasis between mutations a—A and b—B shapes
evolutionary trajectories. Genotypes ab, aB, and AB have the same activity (100; green);
genotype Ab is nonfunctional (0; gray). Only the ab—aB—AB evolutionary trajectory is
accessible without compromising function (orange arrows). Mutation a—A cannot be tolerated
without the b—B mutation (bottom gray arrow, stop sign). Reversion of B—b cannot be
tolerated after the a— A mutation (right gray arrow; stop sign). C) One biophysical explanation
for the epistasis in panel B. Mutations a—A and b—B have opposite, additive effects on protein
stability, leading to epistasis in activity. Genotype Ab is unfolded (left); therefore, there is less
active protein in the cell and activity is low (right). D) Evolution of a new interaction between
two macromolecules leads to epistasis. The purple molecule acquires mutations promoting
interaction with the molecule drawn as colored circles. Arrows and letters above the panel
indicate the evolutionary trajectory. The wildtype purple genotype allows two isoenergetic
conformations (y and §). Mutations “1”” and “2” to the purple molecule stabilize conformation 6
(yellow stars) and destabilize conformation y (red x), this increases the affinity of the interaction.
E) Identical to panel D, except mutations “3” and “4” to the purple molecule stabilize y and
destabilize . F) Epistasis mediated by the energy landscape. When introduced after “1”,
mutation “3” destabilizes the interaction because it “1” and “2” have opposite effects on y and 9.
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Increasingly thermostable ancestral states: an artifact of the energy landscape?

Viewing protein evolution from the perspective of an energy landscape may also shed
light on some puzzling observations from ASR studies. One such observation is that resurrected
ancestral proteins often exhibit increasing thermostability as one moves deeper into the past (Fig
TA) 119:142.145,147.203-210 Thjg makes reconstructed proteins robust and opens the door for
aggressive engineering approaches that would otherwise result in primarily “dead” proteins
131211216

The origins of this trend, however, remain unclear. Some have argued that the trend to
higher stability in the past arises because ancestral environments were hotter, necessitating more
stable ancient proteins 2!"-!8, This would make ASR a useful tool to study ancient environments
145219 One difficulty with this view is that temperature conditions varied widely over time and
geographical location, making the uniformity of these trends across all lineages difficult to
rationalize 2%°.

Others have argued that the trend towards hyperstability is an artifact of the methods used
to reconstruct ancestors 2>!22*, One possible cause of artifactually high stability of ancestral
proteins would be an inappropriate introduction of consensus residues. Consensus proteins—
where one substitutes the most common amino acid seen in a multiple sequence alignment at
each site in the protein—are consistently hyperstable 2. If the same stabilizing amino acid was
acquired convergently on multiple lineages, ASR methods could incorrectly infer that the
ancestor had that amino acid ?**. As a result, ancestral proteins would have, on average, an excess
number of stabilizing amino acids and would thus prove artificially stable. This effect could also
arise from phylogenetic model violation. Most common methods assume that the frequencies of
amino acids at each site have not changed over time; if this is not true, the reconstructed

ancestors could be biased towards amino acids with higher frequency in the alignment 2.
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The evidence that ASR converges on consensus sequences remains mixed. Not all
reconstructed ancestors appear consensus-like 221?23, Further, it is not clear that adding a handful
of consensus mutations would be sufficient to confer hyperstability. Sternke and colleagues
compared the measured effects of mutations across a database of proteins to their amino acid
frequencies in the proteomes. There was low correlation between the relative stabilizing eftect of
the mutations and the frequency of amino acids, suggesting the consensus explanation may not
be sufficient to explain the stabilization effect 22!. Further, given the degree of epistasis in
proteins, it is not clear that a consensus mutation, introduced by itself, would be universally
stabilizing across all backgrounds. This would be especially true for evolutionary changes in
function that induce evolutionary “Stokes shifts”—a reorganization of residue preference across
sites after a large-effect substitution 22°%%, The origins of ancestral hyperstability thus remain
unclear.

With the protein energy landscape in view, we propose another way ASR could
artificially increase protein stability: evolution towards a consensus landscape rather than a
consensus sequence. This idea is tentative and must be tested. The idea has three parts: 1) As
most proteins evolve, their native state is under purifying selection and thus remains relatively
unchanged. The residues encoding interactions in the native state will evolve relatively slowly. 2)
In addition to the native conformation, protein energy landscapes possess relatively low-energy
non-native conformations (Fig 7B). These conformations have no functional constraints—other
than not becoming so populated they disrupt function—and thus are randomly formed and
destroyed as the protein sequence evolves 2’. 3) When an ancestor is reconstructed, it will have
higher quality signal for residues encoding the native conformation than the non-native

conformations. Because the sequences and identities of the non-native interactions change
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relatively rapidly over time, they are “smeared out” by the reconstruction, leading toward an
“average” landscape dominated by the native structure (Fig 7C,D). The net result is a smoother
energy landscape and a more dominant contribution to stability by the native state. This effect
would become greater the further back one went in time, as one is averaging over a larger

number of non-native conformations.
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Figure 3.7. Evolution of consensus landscapes as a mechanism for ancestral stabilization?
A) ASR studies have found that more ancient ancestors, on most lineages, have higher
thermostability than later ancestors. Thermostability is represented as a gradient from high (dark)
to low (light). B) An energy landscape with a protein that has a single high-energy non-native
conformation. The arrow indicates the energy difference between the native state and the lowest
energy excited state (star). C) A hypothetical trend in protein stability, with ancestral colors
corresponding to the tree in C. D) Modern proteins on the right have the same native state, but
different excited states. Because of this, the evolutionary signal is stronger for the native state
than the excited states. When ancestors are reconstructed, the physical interactions encoding the
native state are correctly inferred, leading to an accurate native state conformational energy. The
evolutionary signal for the excited states is weak; therefore, the interactions stabilizing specific
excited states are not accurately inferred. Ancestors have an “average” set of non-native
interactions that is incompatible with specific non-native conformations. Thus, reconstructed
ancestors maintain the native conformation energy, but sequentially average out the energies of
non-native conformations, leading to a larger energy difference between the native and non-
native conformations the deeper one goes back in time.
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Limitations and future directions

While ASR has proven powerful, there are limitations to the approach. Some of these
limitations are intrinsic. Evolutionary models will always be approximations of a complicated
historical process. Further, some evolutionary events would require sequences from species that
went extinct and thus have no modern sequences to include in an MSA.

Some limitations to ASR methods can, however, be addressed and improved. Substitution
models (Fig 2D) are one important area for improvement. The most popular models assume that
all sites in the protein have the same substitution probabilities and, on long time scales, converge
to the same amino acid preferences 2?2, It is not obvious, however, that one should treat the
evolution of a site in the core of a protein with the same model one treats a surface residue, nor
that the preferences of amino acids at a site might change over time. Models have been
developed that use different substitution models for different classes of sites. One model, for
example, uses six matrices to treat sites classified based on their solvent accessibility and
secondary structures '%®. Other work has been done to empirically define the amino acid
preferences at sites using deep mutational scans 22%. Others have proposed using non-stationary
models of amino acid frequencies, thus allowing amino acid preference to change over time
222229 Despite having clear utility for ASR studies 2*°—particularly for biophysicists dissecting
the detailed features of energy landscapes—many of these models have seen limited use in
practice 393!, This is likely because such models have not been incorporated into mainstream
phylogenetics software and require coding skill and/or detailed phylogenetics knowledge to use.

Other aspects of the models that can be improved are how the models capture variations
in evolutionary rate across sites and time, explicit models of insertion and deletion, better

methods to bring in outside information such as a species tree at the time of inference, attempts
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to treat co-variation between sites, and better tree-search algorithms. These are active areas of
development within the phylogenetics community 2*2233: continued improvements will almost
certainly lead to better reconstructed ancestors for biophysical study. That said, it is critical for

researchers to keep in mind that ASR studies can only confidently be done on protein families

that adhere reasonably well to the assumptions of current phylogenetic models.

Conclusion

ASR has proven a powerful means to access how protein energy landscapes evolve. By
separating the evolution of protein features in time, ASR provides a nuanced view of how
mutations alter energy landscapes during the evolution of protein function. Further, ASR has
revealed how constraints due to the energy landscape have shaped—and continue to shape—the
evolution of protein function. Continued methodological development promises to make the tool
even more useful for biophysicists. As the approach is applied to ever more protein families, it
will continue to reveal both how proteins acquired their amazingly diverse functions, as well as

general principles to understand and, maybe someday, predict protein evolution.
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Bridge to chapter IV

Chapter III covers an extensive body of literature consisting of both the biophysics of proteins
and also the power of Ancestral Sequence Reconstruction as an evolutionary tool. We also
provide perspectives on future work in the field and how we could potentially intertwine the
protein energy landscape with ASR studies. Chapter III wraps up the technique overview and
exploration for this dissertation, while Chapter IV will close out the rest of the document with
overall conclusions from each chapter and postulate on some future directions for the field of

protein evolution as a whole.

CHAPTER IV

CONCLUSION AND FUTURE DIRECTIONS

Overall, this dissertation covers a brief look into the capabilities of biophysical
perspectives in evolutionary biochemistry studies. Linking powerful experimental and
computational tools can open a unique glimpse into the features underlying important patterns in
protein evolution. In this work, we introduced the potential implications of biophysical lenses in
evolution through covering some key innovations and techniques that have been used in the past
few decades in this field. Machine learning, for example, provides an avenue for studying protein
evolution with much promise, but needs to be further refined before robust results can be
obtained considering epistasis. However, there are promising experimental frameworks that can
be leveraged to study protein evolution and the biophysical features that guide that process. This

work focused specifically on the experimental study of protein sequence space and
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understanding how proteins navigate this space through changes in biophysical characteristics.
Additionally, this work covered a review of Ancestral Sequence Reconstruction and how a new

perspective through biophysics could enhance the utility of the technique in evolutionary studies.

In chapter 11, we experimentally explore sequence space and the underlying biophysics
that determine the functional robustness of that space using a naturally evolved fluorescent
protein. This work showed that local volumes of protein sequence space are subject to change in
their functional composition over evolutionary time, shifting from mutationally robust local
spaces to extremely susceptible local spaces. We also explored a few potential biophysical
features that may be guiding these changes in local neighborhood robustness. Surprisingly,
global stability of the protein did not directly correlate with mutational robustness. Altogether,
this work in chapter II demonstrated the utility of using high-throughput experimental
characterization across evolutionary steps in protein sequence space, and provides a framework

for future work in other protein contexts.

In chapter III, we detail the design and implementation of Ancestral Sequence
Reconstruction, a powerful tool for recapitulating ancient proteins and their evolutionary
intermediates. We also offer insight into the usage of a new biophysical lens that could expand
our interpretations from ASR studies via the protein energy landscape. Moving forward in the
future, we propose that this protein energy landscape lens coupled with ASR could provide a

unique look into the biophysical underpinnings of evolution across a likely historical trajectory.

While there is still much development to be done in the field of protein evolution, proper
consideration of the biophysical principles that underlie the evolutionary process is a key
component that cannot be overlooked. Experimental and computational tools integrating this

aspect into evolutionary models and frameworks should be a focus in the field moving forward,
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specifically with relevance to protein sequence space. While protein sequence space is too vast to
exhaustively explore, a focused and thorough look into relevant areas of sequence space over
evolutionary time can shed light on answers to many of the questions posed in this dissertation.
Uncovering the functional connectivity of protein sequence space and the biochemical and
biophysical traits that determine that connectivity will be foundational to our understanding of

protein evolution in the future.
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APPENDIX
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Fig APP1: The first 30 N-terminal amino acids are not included in the library mutagenesis
Cartoon depiction of the amino acids included in the library mutagenesis for each fluorescent
protein compared to the full length of the protein (left). Structures showing the mutagenized
region of each protein library (right). The dark gray color represents the region of amino acids
that are included in the library mutagenesis.

mCherry meleRFP

Fig APP2: Unrelated fluorescent protein neighborhoods are not mutationally robust
Local neighborhoods of mCherry and meleRFP. Consistent with the main text neighborhood

diagrams, the gray fractions represent non-fluorescent mutant proteins. Colored fractions indicate

measured colors of mutant proteins. The center ring includes proteins with no mutations, while
each subsequent ring increases in mutations up to 6+.
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Fig APP3: Thermal stability measurements correspond to chemical denaturation results
Thermal stability of fluorescent proteins as measured by fluorescence signal on a Jasco (XX) CD
spectrometer. The apparent Tm was determined by the midpoint of the folded to unfolded
transition for each protein (don’t know a good way of saying this). Y-axis corresponds to the
maximum % non-fluorescent proteins observed in a given protein’s neighborhood.
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Fig APP4. Library mutagenesis yields protein libraries with different mutation rates
Calibrated mutation rates for all 8 mutant libraries generated from error-prone PCR. Each color
represents a different library, with the corresponding average mutation rate on the right side of
the graph. Mutations in each library closely follow a Poisson distribution.
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Fig APPS. Neighborhood characterization is similar across day-to-day variation
Neighborhood comparisons of ancGFP (top) and anc15 (bottom) from two separate days of
preparing the same mutant library stocks. anc15 reps were both photoconverted for 15 minutes
prior to characterization on the cytometer. The green and pink dashed lines in the brightness
graphs denote the average brightness of proteins with a given mutation from the first rep of
ancGFP or anc15. The black lines are the average brightness across the neighborhood for the
second rep of either ancGFP or ancl15.
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Fig APP6. ancGFP mutants are more robust than anc15 mutants in red and green
wavelengths. Fluorescence emission of ancGFP, anc15, and their associated point mutants used
in validating the ancGFP and anc15 neighborhood data. Emission is measured at 510 nm (top
row) and 585 nm (bottom row). Emission is shown relative to the control fluorescence of the
attached and unmutated fusion miRFP703 construct. Bars are shown for emission either with no
UV exposure or 30 minutes of continuous UV exposure.
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Genotype | C_(Molar) | AG,,, | m-value
ancGFP 3.25 1.65 -0.51
ancGFP Q62H 2.90 1.40 -0.48
ancGFP T69A 3.1 1.75 -0.96
anc15 2.03 3.06 -1.51
anc15 H62Q 2.24 2.31 -1.03
anc15A69T 240 1.82 -0.76

Table APP1. Stability fit parameters for all fluorescent proteins. Fit parameters for the 2-state

unfolding model fit in figure 7A. The Cm values for each protein shown in the second column
are the same values used for figure 7B. Y-intercept (dG) and slope (m-value) are also shown in

the last two columns.
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